This paper describes the results of a study towards the use of MERIS for land cover mapping at a national scale, using the Netherlands as a test site. 
INTRODUCTION
Actual and reliable information on land use and land cover (LUC) is needed both for agricultural and environmental applications. The European environment is continually undergoing change caused by a combination of socio-economic and climatic processes. To protect the environment and to ensure sustainable use of natural resources, a wide variety of national and international legal mechanisms have been established, which on their turn have resulted in various environmental monitoring activities. Examples are the Amsterdam Treaty from 1997, the EU Habitats Directive, the EU Common Agricultural Policy and the Kyoto Protocol.
Remote sensing is the appropriate tool for monitoring large areas such as Europe. Earlier approaches were based on the visual interpretation of Landsat-TM and SPOT-XS hard copies at a landscape level in the CORINE land cover project, producing an ecological legend [1] . Another approach is (automatic pixel wise) digital classification of the same kind of images into national agricultural land cover maps [2, 3, 4] . However, both approaches use images of high spatial resolution, making this approach expensive and very time-consuming for application at the European scale. At this moment an update of the CORINE land cover database is being made in the CLC 2000 project.
Other approaches are based on the use of coarse spatial resolution data of, for instance, the NOAA-AVHRR sensor [5] . The authors are convinced that the overall accuracy of AVHRR-derived land cover maps at a continental scale will not exceed 70 %, Moreover, the coarse scale AVHRR imagery is limiting the use for monitoring purposes due to the fine scale at which most land cover changes take place in Europe. Various case studies showed that medium resolution images (like those from MERIS and MODIS) can bridge the gap between Landsat/SPOT and NOAA [6, 7] . Because the area of, e.g., a MERIS pixel is more than ten times smaller than an AVHRR (LAC) pixel, it is expected that a significantly larger amount of detail can be identified than by using AVHRR-like data. In addition, the high spectral resolution of MERIS is another important feature, which may be exploited [8] .
MERIS (Medium Resolution Imaging Spectrometer) is one of the payload components of ESA's Envisat-1, which was launched in March 2002. MERIS is a 15 band, programmable imaging spectrometer, which allows for changes in band position and bandwidths throughout its lifetime. It is designed to acquire data at variable bandwidth of 1.25 to 30 nm over the spectral range of 390 -1040 nm [9] . Data will be acquired at 300 m or 1200 m spatial resolution over land, thus vegetation can be monitored at regional to global scales. MERIS will mostly be operated with a standard band setting. However, it has the capability of in-flight selection of bands for specific applications or experiments. Operational constraints, however, will limit the number and frequency of band changes.
The MERIS spatial resolution of 300 m should be sufficient to monitor heterogeneous terrestrial surfaces at scales required for continental and global change studies [10, 11] . The objective of this paper was to study the feasibility of using MERIS for land cover mapping at the national scale.
MATERIAL AND METHODS

MERIS Data
For this study 4 Table 2 . Data were converted to ERDAS-IMAGINE format using IDL-ENVI. First, the geocoded data were converted to the Dutch national coordinate system (RD) using the lat/long coordinates of nine tie-points, distributed homogeneously over the image by using the corner points of the four image quadrants, and a cubic convolution resampling procedure. Subsequently, a mask was applied in order to create a data set only covering the Netherlands. Finally, the TOA radiances were converted to TOA reflectances (planetary reflectances) by using the information on TOA solar irradiance [Wm 
LGN Database
The Dutch land use database (LGN) is a geographical database that describes the land use in the Netherlands. The database uses a grid structure with a cell size of 25 metres; the application scale is about 1:50.000. The nomenclature of the LGN4 database contains 39 classes covering urban areas, water, forest, various agricultural crops and artificial, semi-natural and natural land cover classes.
LGN is based on a multitemporal classification of satellite imagery and integration of ancillary data. Currently 4 versions exist (LGN1 -LGN4), which span a time period of 1986 to 2000. For this study the latest version (LGN4), based on satellite data of 1999 and 2000, was used. The overall classification accuracy of LGN4 is 85-90 %. The 39 classes were recoded into 9 main land cover classes. Subsequently, the grid was aggregated to 300 metres assigning the most frequently occurring class as label. The resulting image is shown in Fig. 5 . Table 3 shows the frequency distribution of the 9 classes. Bare soil relates mainly to areas with sand dunes and excavation areas for urban extensions. It covers a relatively small area. Greenhouses also cover only a small area. In the analysis presented in this paper both were added to the built-up areas. 
Image Analysis
First, the geometric properties of the MERIS images were studied visually and subsequently the RDcoordinates of ground control points were compared with those of the LGN database. In order to study the information content of the MERIS images, principal components and between-band correlation coefficients were calculated. MERIS band 1 and 2 were omitted from the analysis due to the high atmospheric scattering in the blue part of the spectrum. In the NIR the spectral signature showed a dip at about 762 nm (band 11) due to absorption by oxygen in the atmosphere [12] . This confirms the correct spectral location of the MERIS bands. Therefore, this band was not used any further in this study. Finally, band 15 at 900 nm was not used in this study because its purpose is for determining the water vapour in the atmosphere. As a result, the spectral range from 490 nm till 885 nm with 11 bands was used in this study. Subsequently, training samples for the main land cover classes were collected using the aggregated Dutch land cover database as a reference. Thereafter the spectral and temporal signatures of the main land cover classes were studied. Finally, a minimum-distance-to-means and a maximum likelihood supervised classification were performed. For the February and June images clouds were included as a separate class in the training stage (the cloud flag assigned by the MERIS processor did not indicate all the clouded pixels and was not used in this study). The classification accuracies were evaluated based on the confusion matrices using the whole aggregated land cover database as a reference (and excluding the class "clouds").
RESULTS AND DISCUSSION
Image Characteristics
Geometric properties of all 4 images were very good. Lat/Lon coordinates for every pixel were determined by using only 9 tie points (corners of the image quadrants).
Resulting pixel coordinates were nearly identical to the ones obtained using the BEAM software using all tie points. Subsequently, the geographic projection was changed into the stereographic projection of the Dutch RD coordinate system. Table 4 provides the transformation errors. Visually the resulting images (Figs 1-4) matched the LGN database very well (e.g., Fig. 6 ). No external information was used thus far. A geometric registration with the LGN database using a large number of GCPs showed that the MERIS images should be shifted one pixel to the left (x direction) and one pixel up (y direction) in order to get even a better fit. One should note that the resampling of the original LGN database to the aggregated one with a 300 m pixel size also had a geometric inaccuracy in the order of half a MERIS pixel. The shift of the MERIS pixel appeared to be a systematic one for all MERIS images analysed. The principal component analysis showed that more than 99% of all information was captured in the first three components for all dates (see, e.g., Table 5 ). Mostly this 99% was already captured in the first two principal components. The first principal component had particularly high positive loadings for the MERIS bands 10 till 14, meaning the bands in the near-infrared (NIR) region, whereas the loadings of the other bands were small. Component 2 had high loadings for bands 3 till 9, representing the visible region, whereas the loadings of the other bands were small. Component 3 mainly exhibited the contrast between band 9 and a number of the other bands, showing some specific information in the red-edge region. 
Spectral Signatures
Figs. 7-10 show the spectral signatures of the main land cover classes as derived from the MERIS training samples for the different images. The general pattern of the TOA reflectance was as expected. The first few bands showed a relatively high reflectance due to atmospheric scattering. Vegetation classes showed a steep slope between the red and NIR reflectance.
Spectral signatures for February 18 th ( Fig. 7) only exhibit a small dynamic range. Water has quite a low reflectance in the NIR and grassland has a relatively high reflectance in the NIR. The other signatures are quite close to each other and when taking the standard deviation of the observations into account (data not shown) the conclusion must be that the signatures show severe overlap. Conditions in February were quite wet, explaining the low reflectance values for most classes. It looks like February was a bit too early in the season to differentiate most classes of interest. In addition, the particular image of 2003 was only partly usable ( Fig. 1) due to cloud cover.
Spectral signatures for April 16 th (Fig. 8) show a clear vegetation spectrum for grassland. On the other hand, arable land still mainly shows a flat reflectance signature as to be expected for a bare soil signature (albeit at a higher value than in February). The signatures for deciduous forest, coniferous forest and natural vegetation were still quite similar, showing a vegetation spectrum (low reflectance in the visible part and a higher reflectance in the NIR). However, the latter spectra indicate not a large amount of biomass in April. Built-up areas and water show similar spectra as in February.
The spectral signature of grassland for June 16 th (Fig. 9 ) was similar to the one in April (although it indicated a further increase in biomass). However, the signature of arable land changed to that of a clear vegetation spectrum and indicated an even larger amount of biomass than that of grassland. Also the signature of deciduous forest changed to a nice vegetation spectrum. The same is true for the spectra of coniferous forests and natural vegetation. As usual their reflectance in the NIR part is still relatively low due to the vegetation properties (type and structure). The spectrum for builtup areas showed some contamination or influence of vegetation in the signature. Finally, the spectrum of water still was comparable to that of the previous dates.
The signature of grassland for July 14 th ( Fig. 10 ) was similar to the one for June 16 th . The signature of arable land approached that of grassland indicating some crop maturing for the July data. Overall the TOA reflectances were a bit lower for the July image than for the June image. This might be caused by atmospheric influences.
When comparing the spectral signatures during the year, we may observe that most temporal signatures in the visible part of the spectrum stay quite constant between the various dates studied. As an example, Fig. 11 shows the temporal signatures for the TOA red reflectance (band 7 at about 665 nm). Most pronounced is the decrease in reflectance between April and July for the arable land. In the NIR part of the spectrum temporal 
Julian day TOA NIR Reflectance (%)
Grassland Arable land Deciduous forest Coniferous forest Natural vegetation Built-up areas Water differences are more pronounced. As an example, Fig.  12 illustrates the temporal signatures for band 14 at about 885 nm. The vegetation classes showed an increase in reflectance from February to June/July, which was most pronounced for the arable land.
Classification
Classification accuracies were determined by using the whole land cover database (Fig. 5) as a reference. A maximum likelihood classification rule was applied in most cases (unless otherwise indicated). This gave slightly better results than a minimum distance to means classification. Table 6 shows the results for the main land cover classes (without classes bare soil and greenhouses as indicated in section 2.2) for July 14 th , 2003. This was an image without any cloud cover and it was expected to yield good classification results because it was in the middle of the growing season. As stated before still a shift of one pixel in x and y direction was required in order to get an optimal geometric match with the LGN database. Table 7 shows that the error matrix yielded better results after this shift, so a shift was applied to the remaining classification results. The overall accuracy was 66.6 %, which is a reasonable result for classifying 7 classes using just one date. Results are presented in all cases for the images after applying a cubic convolution resampling to the RD coordinate system, since accuracies were slightly better than after applying a nearest neighbour resampling. Moreover, the images after cubic convolution resampling also looked better visually. Table 8 shows the results for the cloudless image of April 16 th , 2003. The overall accuracy of 61.9 % was slightly less than the one for July. Although it was concluded from the spectral signatures (Fig. 8 ) that grassland could be well differentiated in April, the classification result for grassland was a bit disappointing. Apparently there was a lot of variation in biomass for the various grassland pixels, yielding a larger variation than observed in the spectral signatures. We could not clearly identify a class that was classified much better (user and producer accuracy) as compared to the July image.
The error matrix for June 16 th , 2003, in Table 9 refers to the southern part of the country. The overall classification accuracy was again slightly less than the previous ones (58.7%). Of course some remaining influence of clouds in the classified pixels may disturb these results.
For February 18 th , 2003, again only the southern part of the country could be used. As expected from the spectral signatures (Fig. 7) , the classification results were quite poor. Probably due to the heterogeneous classes, the minimum distance to means classifier performed better than maximum likelihood. Table 10 shows the results of the accuracy assessment.
Finally, it was tested whether a multitemporal classification could improve the results of the monotemporal classifications. The first two principal components for the cloud free April and July images were combined. Results for the maximum likelihood classification are given in Table 11 . Unfortunately, results were not better than for the July image. In order to study what optimal result might be obtained from this data set, an unsupervised classification (ISODATA) was performed into 20 classes and subsequently class labels were assigned to the clusters by expert knowledge and by making use of the LGN4 database. None of the clusters was labelled as natural vegetation in this case. Table 12 shows that the overall accuracy was 67.7 % (actually for 6 classes). This result is somewhat better than the one for July 14 th . Now the results for grassland have improved, but this is at the cost of the results for arable land. Also results for coniferous forests have improved.
Results suggested merging the grassland and arable land classes into a class called "agriculture". Deciduous forest and coniferous forest were merged into one class "forest". It was decided to add the natural vegetation to the grassland, and thus to the agriculture class. A test to see what happened if it would be added to the forest class showed that results were not different at all (because the class natural vegetation was a small class). The resulting four classes yielded an overall classification accuracy of 85.6 % (Table 13) .
Comparison PELCOM Database
The PELCOM database was a European initiative to create a 1-km spatial resolution pan-European land cover database that can be updated easily using NOAA-AVHRR satellite data [5] . The study took full advantage of both multispectral and multitemporal 1 km AVHRR data. Ancillary data were used for masking water bodies and urban areas so that they did not need to be classified from the AVHRR images. For pan-Europe they found an overall classification accuracy of 67.5 %. Table 14 shows the classification results for the Netherlands by comparing with the LGN database. Overall classification accuracy is slightly less than for panEurope. The reason is probably a more fragmented landscape for the Netherlands. In particular, there are not many large forests. Results of using MERIS images were in particular better for forests and built-up areas. The main explanation will be the improved spatial resolution of MERIS. The classification result for the MERIS image of July 14 th , 2003, is shown in Fig. 13 . In comparison, Fig. 14 illustrates the PELCOM database for the Netherlands. 
CONCLUSIONS
This study showed that the geometric and radiometric properties of the studied MERIS images of the Netherlands were good. By using the latitude and longitude coordinates that are provided by ESA for nine tie points in the image, the national coordinate system of the Netherlands could easily be linked to the image without using additional information. Linking the resulting image to the Dutch land use database showed that the MERIS image was within one pixel accurate. Using the TOA solar irradiance and the solar angle provided by ESA for the time of image recording as part of the image files one could easily derive spectral signatures in terms of TOA reflectance. The resulting spectral signatures were very suitable for differentiating the major land cover types. The oxygen absorption feature was prominent present at 762 nm, which proved a good spectral positional accuracy of the spectral bands.
Calculation of principal components and correlation coefficients revealed that MERIS provides information over land related to the visible part of the spectrum on the one hand and the NIR part on the other hand. In addition, spectral bands at the red-edge slope of the reflectance curve (in particular MERIS band 9 at about 708 nm) provided additional information, which may be an important innovative feature of the MERIS sensor for vegetation studies. Future studies will also look at deriving quantitative information from MERIS images, whereby the red-edge position will receive special attention. In this respect, attention will also focus on the use of level 2 MERIS products.
Good results were already obtained with a monotemporal classification of the land use of the Netherlands. Best results were obtained for the MERIS image of July 14 th , 2003. For 7 classes the overall classification accuracy was already 66.6 %, whereas for four classes this increased to 85.6 %.
Classification results for MERIS FR 300 m data were better both geometrically and thematically than low resolution satellite data like those of the NOAA-AVHRR. Further research will focus on the extension to other regions in Europe and the use of level 2 MERIS products. Since it is evident that MERIS pixels often are mixed pixels, comprising various land cover types, subpixel analysis techniques must be explored in future.
As an example, attention will be paid to spectral unmixing.
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